Abstract-Spatial resolution is a key parameter of all remote sensing satellites and platforms. The nominal spatial resolution of satellites is a well-known characteristic because it is directly related to the area in ground that represents a pixel in the detector. Nevertheless, in practice, the actual resolution of a specific image obtained from a satellite is difficult to know precisely because it depends on many other factors such as atmospheric conditions. However, if one has two or more images of the same region, it is possible to compare their relative resolutions. In this paper, a wavelet-decomposition-based method for the determination of the relative resolution between two remotely sensed images of the same area is proposed. The method can be applied to panchromatic, multispectral, and mixed (one panchromatic and one multispectral) images. As an example, the method was applied to compute the relative resolution between SPOT-3, Landsat-5, and Landsat-7 panchromatic and multispectral images taken under similar as well as under very different conditions. On the other hand, if the true absolute resolution of one of the images of the pair is known, the resolution of the other can be computed. Thus, in the last part of this paper, a spatial calibrator that is designed and constructed to help compute the absolute resolution of a single remotely sensed image is described, and an example of its use is presented.
I. INTRODUCTION
T HE SPATIAL resolution of remote sensing satellites and platforms, besides the spectral, radiometric, and temporal resolution, is a key parameter for all scientific and commercial purposes. The nominal spatial resolution of remote sensing satellites has been in constant improvement during the last years. Table I shows the nominal spatial resolution of some of these satellites. It is well known that an analog optical system is fully characterized by its point spread function (PSF) and, consequently, by its Fourier transform known as the optical transfer function (OTF). For resolution aspects, we consider the modulation transfer function (MTF), which is the modulus of the OTF. In digital imaging, analog images produced by the optical system are sampled by the detector. If the images are properly oversampled (with a frequency higher than the Nyquist frequency), the resolution properties are preserved. However, due to design constraints, this is not the real case, and most imaging sensors (including remote sensing satellites such as Landsat and SPOT) produce digital images by undersampling the analog input images with the consequence that the resulting resolution is fixed mainly by spatial sampling and secondarily by the properties of the MTF. Hence, in satellite-based platforms, the nominal resolution is directly related to the area in ground that represents a pixel in the detector. Thus, it is related to the distance from satellite to ground (satellite orbit), pixel size, and focal length of the observing camera or instrument.
On the other hand, in practice, the true resolution of an image is also related to the size of the PSF of the whole observing system, which includes not only the optics and the detector but also the atmospheric conditions, the illumination of the scene, and many other factors. The atmospheric conditions also depend on the turbulence, the quantity of water vapor of the atmosphere, the atmospheric scattering caused by the dust in suspension, aerosol concentration, air pollution, and other factors [1] - [4] . All these factors are difficult or impossible to determine with enough accuracy at any time.
In particular, for some authors [3] , [4] , the atmospheric blur caused by scattering can significantly affect the spatial resolution in remote sensing observations. Thus, the actual practical spatial resolution of a particular remotely sensed image is difficult to calculate accurately. One method to overcome the problem is to know precisely the size of several features appearing on the image so we can calibrate the absolute spatial resolution.
However, if we have more than one image of the same region, which is obtained by either the same or different platforms, it is possible to compare the relative resolution between both images. If we know the absolute resolution of one of them, we could compute the resolution of the other. Otherwise, we will have at least a comparison between the quality of both images and its relative resolution. This could be very important in the comparison of the actual resolution between two different satellite-based platforms.
Another possible application could be to estimate the degree of increment of the resolution obtained by a superresolution method [5] . By computing the relative resolution between the superresolution result and the images contributing to such a result, we could estimate the increment of resolution (superresolution) achieved.
Thus, in an effort to solve the problem of determining the relative resolution between images, in the first part of this paper, we propose a wavelet-decomposition-based method for the determination of the relative resolution between two remotely sensed images of the same area. Furthermore, in Section IV, we describe the form and use of a spatial calibrator that we have constructed to help compute the absolute resolution of a single remotely sensed image.
Although, in principle, the method proposed in this paper could be applied to both electronic imaging and digitized (scanned) photography, in practice, the latter introduces other parameters related to both the photographic process itself (i.e., type and density of the emulsion, color or black and white negative, sensitivity, preprocessing, and development) and the scanning process (i.e., type of scanner, physical or interpolated resolution, and accuracy of scanning). These factors, in addition to the nonlinearity of the photographic plate, make the comparison between two different images obtained from digitized photographies very difficult unless a complicated system of calibration is carried out. Thus, in this paper, we will only consider the relative resolution for the case of digital images from spatially based platforms.
II. ALGORITHM FOR ESTIMATING THE RELATIVE RESOLUTION BETWEEN TWO IMAGES

A. Method Outline
The main idea in which the proposed method for evaluating the relative resolution between a pair of images is based consists of the following.
1) Preprocess the images by registering (if needed) the lowresolution image to the same size as the high-resolution one to be superimposed, and perform (if needed) histogram matching between both images. 2) Obtain a series of decreasing resolution versions of the higher resolution image. 3) Compare quantitatively these images with the lower resolution image of the original pair. 4) Obtain a point of maximum correlation between the images of the series and the low-resolution image of the pair. If we use the higher resolution image to obtain the series, and this series is long enough, the correlation should present a maximum. 5) From this maximum, compute the relative resolution between the images of the pair.
B. Preprocessing the Images
To carry out the registration, in this paper, the images are registered up to within 0.25 pixels root mean square (rms) by resampling the low-resolution image using control points and a bicubic polynomial fit. It is important to point out that, as in all other cases involving registration (for example, the image fusion), the better the registration, the better the method will work. However, because the proposed method is based on quantitative correlations between the low-resolution image of the pair and the images of a series of decreasing resolution versions of the higher resolution image, the maximum correlation will take place at the resolution level of the lower resolution one. Hence, registration is not a critical issue of the method (indeed, it is less critical than in an image merging process).
To take into account the spectral differences (if any), i.e., the different atmospheric and illumination conditions, between the two images of the pair, we performed a conventional histogram matching between them. Specifically, after computing the histogram of both images, the histogram of the low-resolution image is used as the reference to which we match the histogram of the high-resolution one. Indeed, if both images were obtained by the same platform under similar conditions, this first step could be skipped.
If one of the images of the pair is multispectral and the other is panchromatic, we can compare the relative resolution between the panchromatic image and each one of the spectral bands of the multispectral image. However, although these comparisons are possible (and already carried out in the examples hereinafter), given the very different spectral response functions (SRFs) of the panchromatic and multispectral sensors [6] and that the present method is based on correlations between images, the best way to compare the relative resolution between a multispectral image and a panchromatic image should be to use the intensity component of the multispectral one. This intensity component should be computed in a way that the result should be spectrally as close as possible to the panchromatic image.
If both images are multispectral, we can compute, in principle, the relative resolution between any pair of spectral bands, but because of the considerations exposed above, again, the best way would be either to compare the resolution between bands of similar SRF or to compute the intensity component of both images as before. In the examples in this paper, we used the intensity component L of the multispectral images using the expression L = (R + G + B)/3 with preference to other expressions as I = max (R, G, B) or L = (max (R, G, B) + min (R, G, B))/2. This choice was due to the spectral characteristics of the images used (SPOT-3, Landsat-5, and Landsat-7).
C. Wavelet Decomposition
To obtain the series of successive lower resolution versions of the higher resolution image of the pair, we can use several techniques as, for example, filtering iteratively the image with a low-pass filter, e.g., by convolving the image successively with a Gaussian function of a known standard deviation. However, in this paper, we preferred to use the well-established theory of wavelet decomposition [7] - [12] . This is because using the wavelet decomposition we can mathematically know the resolution of each image of the obtained series with respect to the original image.
Multiresolution analysis based on wavelet decomposition is increasingly being used for the processing of images [13] - [16] , particularly for the analysis of images in remote sensing [17] , and extensively used in the field of image merging [6] , [18] - [23] .
The advantage of wavelet-based multiresolution analysis for our application is that the wavelet transform provides a framework to decompose images into a number of new images, each one of them with a different degree of resolution. This allows the construction of a series of images of decreasing resolution.
To obtain a shift-invariant discrete wavelet decomposition of an image, we follow Starck and Murtagh [24] and use the discrete wavelet transform known as "à trous" ("with holes") algorithm [25] to decompose the image into wavelet planes (see, for example, [21] for details).
The "à trous" method (see [26] and [27] ) consists of a shift-invariant symmetric dyadic oversampled (undecimated) discrete wavelet transform. In practice, it leads to a bandpass stack of images with the same dimensions (i.e., no decimation, thus no pyramid) with a reduction of the resolution by a factor of 2 from level to level using a Gaussian-like low-pass filter. With regard to the filter, we used in this paper the standard "à trous" filter, which is based on a scaling function with a B 3 spline profile. The scaling function with a B 3 spline profile is compact in both direct and Fourier spaces, is smooth, symmetric, and converges rapidly to zero. This filter fully satisfies the conditions and constraints imposed by Shensa [26] for a "à trous" filter. There are also other possible filters, such as the "à trous" alternative linear filter, but as stated above, we will prefer the standard filter to obtain a dyadic decomposition. Therefore, for all of the above, we consider the combination of the "à trous" algorithm and the standard low-pass filter (based on a scaling function with a B 3 spline profile) as the best suited for our study.
In the practical implementation, given an image p 0 , we use the "à trous" algorithm to construct the sequence of approximating images p l (l = 1, . . . , n), which are versions of the original image p 0 at increasing scales (i.e., decreasing resolution levels). Because in this representation we are using a dyadic decomposition scheme, i.e., the original image p 0 has twice the resolution of p 1 and the image p 1 has a double resolution than p 2 . If the resolution of image p 0 , for example, is 10 m, the resolution of p 1 would be 20 m, and the resolution of p 2 would be 40 m.
Note, however, that, as stated above, in this process, all the consecutive approximating images have the same number of pixels as the original image. This is a consequence of the fact that the "à trous" algorithm is a nonorthogonal oversampled (redundant) transform [12] . This is a restriction on the use of this particular wavelet approach for applications such as image compression.
D. Image Correlation
Once the series of successive lower resolution versions of the higher resolution image is obtained, we proceed to quantitatively compare these images with the lower resolution image of the original pair. In this paper, we performed it by computing the correlation coefficient between the images using the standard coefficient
where A and B represent the mean value of the corresponding data set. For positive images, −1 < Corr (A/B) < 1.
E. Maximum of Correlation
Using (1), we compute the correlation between each one of the images of the series and the lower resolution image. The result is a series of correlation numbers that, as stated above, if the series is long enough, should present a maximum. To compute such maximum, in this paper, we fit a cubic spline function to the obtained series of correlation numbers as a function of the scale. Fig. 1 shows an example of a correlation curve obtained using real data coming from SPOT-3 (10-m nominal resolution) and Landsat-5 (30-m nominal resolution) satellites (see examples below). Note that Fig. 1 represents an extreme case of the application of the proposed method because, in it, we are comparing the panchromatic band of the SPOT-3 and the blue band of the Landsat-5 satellites, which have very different SRFs. Even so, it is easy to see that the maximum of the correlation curve is between scales 1 and 2, i.e., between 20 and 40 m.
It is interesting to note here that the series of lower resolution versions of the higher resolution image could be obtained by other methods, such as, for example, by Gaussian convolution with a kernel of known full-width at half-maximum (FWHM). In this case, a curve similar in form to that in Fig. 1 would be obtained. Fig. 2 shows an example of such a curve as correlation versus FWHM of the Gaussian kernel. In Fig. 2 , which corresponds to the comparison between the panchromatic band of the SPOT-3 satellite and the intensity component of the Landsat-5 satellite, the maximum correlation is reached at approximately FWHM = 3.70. However, as commented below, the relationship between the FWHM of the maximum of the curve and the resolution is not as straightforward to derive as in the case of wavelets.
F. Relative Resolution
As stated above, one of the advantages of using the wavelet approach is the dyadic decomposition scheme that allows an immediate correspondence between the scale of the decomposition and the resolution. This is a consequence of the properties of wavelets. Thus, the relationship between the scale of the wavelet decomposition and the relative resolution with regard to the first image of the series (scale 0 or original high-resolution image) is
where X is the scale and Y is the relative resolution between the images of the pair.
Note that in the case in Fig. 2 (i.e., Gaussian convolution in place of wavelet decomposition), we do not have a dyadic scheme. So, we cannot use a direct expression such as (2) to easily compute the relative resolution from the FWHM of the maximum of the curve, and an accurate calibration would be needed. This is a consequence of the lack of orthogonal properties of this decomposition scheme.
It is important to point out here that because the proposed method is based on the correlation between the whole lowresolution image and the series of decreasing resolution images obtained from the high-resolution one, we are obtaining the relative resolution between the particular pair of images considered. These images include not only the size of the PSF (which is determined by the detector, the optics, and the atmospheric conditions) but also the particular spatial frequency contents of the observed scene. In other words, if we are observing, for example, using two different satellites of different nominal resolution, a featureless snowfield or the surface of the sea, the proposed method would give both images approximately the same resolution. However, if with the same instruments we observe a scene of rich spatial frequency contents like an urban area, the method will find that both images have different resolutions and will compute the ratio between them.
III. EXAMPLES OF RELATIVE RESOLUTION
A. Simulated Data
To check the robustness and accuracy of the method, we applied the preceding methodology to compute the relative resolution between pairs of different resolution-simulated images of which we know theoretically the relative resolution between them.
In the first example, we used as a high-resolution image the image in Fig. 5 , which was obtained by the panchromatic camera of the Landsat-7 satellite. For the low-resolution images, we used the first, second, and third wavelet approximation images (i.e., p 1 , p 2 , and p 3 ) of its own high-resolution image. As stated above, in a dyadic decomposition scheme, these approximation images have, respectively, two, four, and eight times lower resolution than the original image. Note that, in this example, we are using wavelet decomposition not only to obtain the series of decreasing resolution images of the high-resolution image of the pair but also to obtain the own low-resolution image of the pair. Hence, in this example, the differences between the expected and the obtained values for the relative resolution should come, almost exclusively, from the cubic spline used to fit each set of correlations.
In the second example, we used again the same highresolution image in Fig. 5 , but, as lower resolution images, we synthetically generated three images of, respectively, 2, 2.5, and 3 times lower resolution. To obtain them, in the first step, we reduced the size of the high-resolution image using the appropriate resizing factor and, in the second step, expanded them again to the original size. We used bicubic interpolation in both steps. Following the above-described methodology, we used wavelet decomposition to obtain a series of lower resolution images of the high-resolution image for each pair, we used (1) to compute the correlation of each image of the series and the corresponding low-resolution image, and we fitted a cubic spline to each set of correlations. Figs. 3 and 4 show the obtained curves for the first and second examples, respectively.
As expected, all curves present a maximum from which we computed the relative resolution of each pair. In the first example, the maxima of the correlation are logically unity, whereas in the second example, the maxima are very close to unity but vary slightly (from 0.95 to 0.97) between the three simulated low-resolution images. This small variation is a normal consequence of the resizing and interpolation method used to generate them.
The abscissa of the maxima of the correlation curves of both examples, the relative resolution computed using (2) , and the expected values are summarized in Table II. In the first example, the differences between the computed and expected relative resolutions are 2.0%, 0.5%, and 0.0%. As cited above, these errors are a consequence of the use of a cubic spline to fit the correlation sets. In the second example, these differences are 3.0%, 1.6%, and 1.0%. In all cases, the differences between Fig. 3 . Correlation curves between the high-resolution image displayed in Fig. 5 and its own first, second, and third approximation images (which have resolution that is two, four, and eight times lower, respectively) as a function of the scale of the wavelet function. Fig. 4 . Correlation curves between the high-resolution image displayed in Fig. 5 and three computer-generated images with resolution that is 2, 2.5, and 3 times lower, respectively, as a function of the scale of the wavelet function. the computed and expected relative resolution are very small, which shows that the proposed method is robust and accurate enough to be applied to real data examples. 
B. Real Data
As a first application to real data, we applied the preceding methodology to compute the relative resolution between two pairs of images obtained from different sensors.
The first pair of images was obtained by the same satellite (Landsat-7) during the same passage, but using two different instruments. They show a detail of the Italian city of Naples showing, thus, an urban area. Fig. 5 shows the high-resolution image of the pair. It was obtained using the panchromatic sensor of the Enhanced Thematic Mapper Plus (ETM+) of the satellite that has a nominal spatial resolution of 15 m. The lowresolution image corresponds to the multispectral sensor of the ETM+, which has a nominal spatial resolution of 30 m. We used separately the spectral bands 1 (blue), 2 (green), and 3 (red) of the multispectral sensor, but, as stated above, to compare its resolution with respect to the panchromatic image in the best way, we also transformed this image to panchromatic considering only the intensity component. The intensity component was computed as the mean of the three channels (i.e., 1, 2, and 3) of the multispectral image. Fig. 6 shows the lowresolution image (i.e., 30 m) once transformed to panchromatic. Indeed, both images of the pair belong to the same epoch of the year and present the same conditions of illumination.
To show a very different situation, the second pair of images presents two images of a nonurban area obtained from different satellites in different epochs of the year. They show detail of an Argentinean landscape, which includes several agricultural lots, roads, a river bed, and a small town. Fig. 7 shows the highresolution image of the pair, which is a 10-m nominal resolution panchromatic image obtained by the SPOT-3 satellite. The lowresolution image of the pair was obtained with the multispectral sensor of the Landsat-5 satellite that has a nominal spatial resolution of 30 m. In this case, we used as spectral bands the three (i.e., R, G, and B) pseudochannels computed using the usual transformation, i.e., R = (B 5 + B 7 )/2, G = (B 3 + B 4 )/2, and B = (B 1 + B 2 )/2. As in the previous pair, to compare the resolution with respect to the highresolution panchromatic image in the best way, we also transformed this image to panchromatic using the intensity component of the image as the mean of the three (i.e., R, G, and B) bands. Fig. 8 shows the low-resolution image of the pair once transformed to panchromatic. In Figs. 7 and 8 , it is easy to see that the SPOT-3 and Landsat-5 images were taken at different epochs as is usual when working with images from different satellites. Note, for example, the aspect of the bed of the river, the water ponds (black rounded areas in the Landsat-5 image), or the crop fields, which, in the SPOT image, are clearly different from their appearance in the Landsat-5 image. In addition, there are several features in the SPOT picture that were not present when the Landsat-5 image was taken.
The registering between the two images of each pair was carried out, as stated above, resampling the low-resolution image using control points and a bicubic polynomial fit. Furthermore, to compensate the spectral differences between the images, we performed histogram matching between the two images of each pair using the histogram of the low-resolution image as reference to match the histogram of the high-resolution one.
As in the simulated data examples, we followed the abovedescribed methodology to compute the correlation between each image of the series obtained by wavelet decomposition of the high-resolution image (i.e., panchromatic) and the corresponding low-resolution images (i.e., color bands and intensity of the multispectral image), and fitted a cubic spline to each set of correlations. Figs. 9 and 10 show the obtained curves. Note that the B-band is not displayed in Fig. 10 because it is already displayed in Fig. 1 .
Again, all curves present a maximum. The maximum correlation reached in both examples is, however, different. In the first example, the maximum correlation between the highresolution panchromatic image, and the intensity of the lowresolution multispectral image is approximately 0.59, whereas in the second example it is approximately 0.24; a similar effect is observed for the spectral bands. This is a logical consequence of the different types of images involved in the presented examples. In the first example, both images come from the same satellite under the same conditions, whereas in the second example they come, as commented above, from different satellites under very different conditions. The abscissa of the maxima of Fig. 9 . Correlation curves between the high-resolution panchromatic image displayed in Fig. 5 and the intensity and spectral bands of the low-resolution multispectral image displayed in Fig. 6 as a function of the scale of the wavelet function. Fig. 10 . Correlation curves between the high-resolution panchromatic image displayed in Fig. 7 and the intensity and spectral bands of the low-resolution multispectral image displayed in Fig. 8 as a function of the scale of the wavelet function.
the correlation curves of both examples and the computed nominal relative resolution values are summarized in Table III. Considering first the relative resolution between the panchromatic high-resolution image and the intensity component of the low-resolution corresponding one, we observe that the maximum correlation in the first example corresponds to a scale of 1.083, whereas the maximum in the second example is at a scale of 1.585. Applying (2), we computed the relative resolution of each pair as 2.12 and 3.00, respectively.
The computed relative resolution of the first example (i.e., 2.12) is close but slightly higher than the nominal resolution, which is 2. This difference can be due to several effects. Because both images of the pair were obtained under the same observing conditions by the Landsat-7 satellite, a first explanation could be that the relative performance between the panchromatic and multispectral cameras of this satellite has an actual value slightly higher than nominal. However, recent estimations of the on-orbit MTF of Landsat-7 carried out by Storey [28] and by Boggione and Fonseca [29] seem to be exactly in the opposite direction. From these papers, it is possible to derive that the ratio between the true absolute resolution between the panchromatic and every spectral band should be lower than 2. Although, as stated in Section II-C, we considered the standard low-pass filter (based on a scaling function with a B 3 spline profile) to be best suited for this study, to be sure that the used filter is not disturbing the results shown in Table III for the Landsat-7 example, we carried out the same computations using the alternative "à trous" linear filter. We obtained as a result relative resolutions of 2.05, 2.09, 2.04, and 2.07 for band 1 (blue), band 2 (green), band 3 (red), and intensity, respectively. These results are slightly lower than the ones displayed in Table III for the Landsat-7 example, but again, all of them are larger than 2.0. Because these results are numerically compatible with the previously obtained results and because of the reasons stated in Section II-C, we prefer to keep the original results obtained using the standard low-pass filter.
On the other hand, as stated above, the proposed method computes the relative resolution between a specific pair of images. The characteristics of the images of the pair depend on the actual size of the PSF and of the spatial frequency contents of the observed scene. Hence, in this case, the most plausible explanation of the obtained result would be the particular spatial frequency distribution present in Fig. 5 . In our opinion, our results are not incompatible at all with the results in [28] and [29] because we are measuring different things. For example, in [28] , Storey is measuring the true absolute resolution of Landsat-7 in both panchromatic and multispectral cameras by observing a long bridge over the surface of lake. However, we are measuring the relative resolution between a particular pair of images of a very different region (i.e., the city of Naples). Indeed, if we applied our algorithm to the particular set of images used by Storey [28] , we would probably obtain that both images would have more or less the same resolution (i.e., relative resolution of approximately 1.0). This will be because the image of a bridge over an extended lake is, as a whole, an almost featureless image (except the bridge, indeed) with poor frequency content.
In the case of the second example, we obtained a relative resolution between the SPOT-3 and the intensity of the Landsat-5 images identical to the nominal one. We believe that this result could be due to chance because, even accepting that both SPOT-3 and Landsat-5 satellites could give exactly their nominal resolution, the different observing conditions should make at least small differences in the actual resolution of the images.
With regard to the results by spectral bands, as stated above, the proposed method works better when the SRFs of the images of the pair are closer. This is not the case when comparing a panchromatic image and the spectral bands of a multispectral one. Even so, in Table III , we can observe that the computed relative resolution for the spectral bands is quite close to both the nominal and the obtained resolutions for the intensity component. The exception is the B-band of the second example, which, as previously stated, is an extreme case because the panchromatic band of the SPOT-3 and the blue band of the Landsat-5 satellites have very different SRFs with little overlapping.
From Figs. 9 and 10 and Table III , we can conclude that the proposed method shows good performance when estimating the relative resolution between remotely sensed images not only under ideal conditions but also under quite different circumstances as different satellites, different epochs of the year, and different types of images (panchromatic and multispectral) as in the second example.
The good performance of the method to cope with quite different types of images can also be corroborated by the successful application that we have carried out, in parallel to this paper, to compute the relative resolution between two very different types of medical images coming from positron emission tomography and magnetic resonance imaging [30] .
IV. SPATIAL ABSOLUTE CALIBRATOR
The method developed in the preceding sections allows to estimate the relative resolution between two images, but we cannot compute their absolute resolution. As stated above, the actual spatial resolution of an image is difficult to know precisely, and the best way to estimate it is to know the size of a set of features appearing in the image to calibrate its absolute spatial resolution.
In this section, we describe a spatial calibrator that we have constructed to help compute the absolute resolution of a single remotely sensed image. The calibrator, which is painted on the terrace of the Department of Physics, University of Barcelona, consists of two series of parallel fringes of decreasing width and a series of triangles with a common vertex. One of the series of parallel fringes is in the north-south (N-S) direction and the other in the east-west (E-W) direction, so we can calibrate the resolution in both directions. The fringes are painted alternately in white and red color. We use the red color in place of black to facilitate the use of the calibrator when using multispectral observations. The total size of the calibrator is 18 × 6 m divided in three squares of 6 × 6 m (one for each group of fringes and one for the triangles). The width of the fringes are 100, 90, 80, 70, 60, 50, 40, 30, and 20 cm and six fringes of 10 cm. Each triangle is a rectangle triangle of 300-cm basis. The size of the whole calibrator and the width of the fringes were chosen to be useful for both observations from airborne sensors and for high-resolution satellites such as SPOT-5, IKONOS, Quickbird, and other future platforms. Fig. 11 shows an outline of the calibrator, and Fig. 12 shows a real observation of it taken from an airborne panchromatic camera. The calibrator is located at World Geodetic System The calibrator can be used in different ways. We use two criteria to compute the resolution.
1) Because the width of the fringes is variable, the first criterion is simply to see up to which width it is possible to solve the fringes or the additional triangles in the image. Using this criterion, we can compute resolutions between 300 cm (the basis of the triangles) and 10 cm (the minimum width of the fringes). 2) If the spatial resolution is higher than 10 cm, i.e., even all fringes of 10 cm are solved in the image (presently only airborne sensors can achieve this), we apply the second criterion to estimate the resolution. This is based on the Rayleigh criterion, which establishes that two punctual sources are solved if the centers of their PSFs are separated more than the radius of the same PSF. In our case, this criterion is translated into computing the intensity profile of a line perpendicular to the fringes and to study the transition zone between two consecutive fringes. We define the resolution of the image as the distance at which the intensity of a white fringe drops a half of the intensity difference with regard to the adjacent dark fringe. This method is similar to the edge technique for measuring the on-orbit MTF [31] . Fig. 13 illustrates the second estimation criterion. Fig. 13 shows a detail of an image similar to that in Fig. 12 . It shows a dark fringe between two white ones and the intensity profile along a line perpendicular to them. It is easy to see that the intensity of the white fringe drops a half of the difference between adjacent fringes at approximately 4.5 pixels. To compute the corresponding resolution, we also need the scale of the image, but because we know the true size of the fringes, computing the scale in centimeters per pixel is straightforward. Fig. 12 also illustrates that the calibrator can be used to detect differences of resolution in different directions due to problems in the optics or to errors in the motion compensator. Note that in Fig. 12 the resolution in the E-W direction (i.e., horizontal) is clearly worse than in the N-S direction (i.e., vertical). It can be easily seen because the 10-cm horizontal fringes at the left are clearly visible, whereas the 10-cm vertical fringes at the center right are not. This is probably due to a bad calibration of the motion compensator of the airborne camera that took the image. In a case like this, we can use the aforementioned first criterion to estimate the resolution in the E-W direction and the second one for the N-S direction. In this particular example, we obtained an approximately 10-cm resolution in the E-W direction but less than 5-cm resolution (applying the second criterion) in the N-S direction.
We should note that because the calibrator is located at a fixed place, its use is, in principle, restricted to calibrate observations that include it. However, given that remote sensing satellites can observe a specified area as many times as desired, it is possible to use the calibrator to obtain the true resolution of a series of images taken under different conditions of illumination, dust, pollution, or weather. This can help to better calibrate the actual resolution of the satellite under such conditions or to calibrate a possible malfunction of the satellite. The combination of this true resolution calibration and the relative resolution computation presented above can help to better estimate the absolute resolution of any image.
V. CONCLUSION
The actual spatial resolution of remotely sensed images is a key parameter but is difficult to know with high accuracy. The aim of this paper was to establish a method for estimating the relative and absolute resolution of such images.
The proposed relative method, which is useful for the determination of the relative resolution between a specific pair of images of the same area, is based on the mathematical properties of wavelet decomposition, in particular in the dyadic properties of the "à trous" algorithm of the wavelet decomposition. The proposed method obtains the relative resolution from the computation of the maximum correlation between a series of images of decreasing resolution of the high-resolution image and the lower resolution image of the pair. The method works well with panchromatic and multispectral images.
To show the robustness of the method, we applied it to simulated data and to two very different pairs of real images. One of them was a pair of real images obtained by the panchromatic and multispectral sensors of the Landsat-7 satellite under identical conditions. The other pair of real data was composed by a panchromatic image obtained by the SPOT-3 satellite and a multispectral image obtained at different epochs of the year by the Landsat-5 satellite, thus under very different conditions. In both cases, we computed the relative resolution between the images of the pair. Thus, we can conclude that the proposed method is robust in estimating the relative resolution between remotely sensed images not only under ideal conditions but also for different satellites and under different circumstances such as epoch of the year and spectral characteristics of the images.
Because the proposed method can only estimate the relative resolution of a specific pair of images, in Section IV, we presented the design, characteristics, and use of a spatial calibrator we constructed on the terrace of our department. Its design helps to compute the absolute resolution of an image in both N-S and E-W directions, allowing to detect possible differences in resolution with direction. Its size makes it useful for both airborne sensors and high-resolution satellites. The calibrator can be used to better establish the actual resolution of a satellite under different conditions of weather, illumination, and pollution, and to detect possible malfunctions of the satellite.
To use the calibrator, we presented a direct estimation method and another method based on the Rayleigh criterion, which allows to compute absolute resolutions from 3 m to a few centimeters. We presented a real example of its use that allowed us to detect appreciable differences in resolution in the E-W and N-S directions.
Finally, the combination of the relative and absolute methods presented in this paper can help to estimate the absolute resolution of any image.
